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Healthcare policy makers use wait-time metrics to encourage hospital managers to improve patient experi-
ence. For example, in 2002, Massachusetts mandated that hospital managers develop processes to identify
and respond to boarding crises, which occur when emergency department patients experience long waits for
inpatient beds. Performance improvement theory suggests that patients would be better served by preventing
boarding crises rather than responding urgently after they occur.
To empirically test this theory, we use data from a Massachusetts hospital with two different physician-
based processes related to boarding and patient flow. First, to comply with the state mandate, the hospital
notifies physicians when the hospital is in a boarding crisis and requests that they prioritize patient discharge
(urgent response). Second, physicians can use pre-discharge orders –optional written communication about
discharge barriers –to avoid unnecessary discharge delays for patients approaching discharge. Ensuring that
beds are freed up as soon as possible might prevent boarding crises from occurring (prevention response).
Our data supports the existence of a tradeoff between these two responses. The state-mandated urgent
response is associated with an increased inpatient length of stay (LOS) of 31%, while the the prevention
response is associated with a 39.6% reduction in inpatient LOS. We conduct counterfactual analyses and find
that if physicians use PDOs for all of their patients, it would substantially reduce the number of boarding
crises. We conclude that the state policy has unintended negative consequences that stymie hospital efforts
to create longer-term improvement in their hospitals.
Key words : Health care : Hospitals, Information systems: Application contexts/Sectors, Health Careogy,
Government : Regulations, Empirical Operations, Discharge Coordination
1. Introduction
Hospitals frequently experience boarding crises where demand for inpatient hospital beds exceed
supply. During a boarding crisis, multiple admitted emergency department (ED) patients remain
in the ED for long periods of time due to a lack of available inpatient beds (Dai and Shi 2018).
In 2002, pervasive ED boarding caused Massachusetts policy makers to mandate that hospitals
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develop a process for dealing with such situations (Burke et al. 2013, Michael et al. 2018). The
goal of the state mandate is that when hospitals enact their process, hospital staff place boarding
patients in inpatient beds within 30 minutes. We call this an “urgent” response because it deals
with the immediate situation, but does not attempt to prevent future occurrences (Repenning and
Sterman 2001).
Performance improvement theory suggests that managers should instead invest in preventing
boarding crises (prevention response). Theory suggests that prevention responses improve perfor-
mance in the long term, but are challenging to implement because they take employees’ time away
from current production and therefore exacerbate the crisis in the short term. Furthermore, the
benefits emerge after a time delay (Bohn 2000, Repenning and Sterman 2001). These aspects create
a “worse-before-better” dynamic that makes it unlikely that managers will invest in prevention
responses (Repenning and Sterman 2001).
To empirically test the effectiveness of these two types of responses to boarding crises, we collab-
orate with a Massachusetts academic medical center that we refer to by the pseudonym of Omega
Hospital. Omega has procedures for both urgent and prevention responses. The state-mandated
urgent response is called Code Yellow (CY). When a CY is activated, physicians’ receive a text
message that alerts them of the large number of patients boarding in the ED and encourages
them to work on discharging inpatients. The prevention response is physicians’ use of pre-discharge
orders (PDOs) for patients within two days of being discharged. The PDO is embedded in the
electronic health record (EHR) (Figure 1) and is used at the discretion of physicians in addition
to discharge orders. We provide further detail on the two responses in Section 3.1.
After accounting for endogeneity using an instrumental variables (IV) approach, we find that
patients with a PDO have a 39.6% shorter length of stay (LOS) compared to patients without a
PDO. Conversely, the LOS increases by 31% for patients who experience a CY during their hospital
stay versus patients who do not. Furthermore, the urgent response crowds out the prevention
response. The likelihood of physicians using PDOs decreases by 4.9% when hospital managers
call a CY. Thus, we find that the state-mandated urgent response creates a state of chaos that
deters physicians from investing in actions that could prevent future boarding crises. Our study
provides empirical evidence of Repenning and Sterman’s (2001) capability trap and Bohn’s (2000)
firefighting where pressure to produce results today impedes workers’ efforts to improve future
performance. We close with a counterfactual analysis that demonstrates that managers can break
the negative cycle of boarding by encouraging the consistent use of PDOs.
2. Literature Review and Hypothesis Development
Hospitals frequently have periods of time when available inpatient beds are in short supply (Dai and
Shi 2018). Medical and healthcare operations management literature explore the impact of boarding
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crises. For example, high inpatient bed occupancy can cause admitted emergency department
patients to remain in the ED for hours (Armony et al. 2015). High inpatient occupancy can result
in patients being treated in wards that are not the most appropriate for their acuity level (Kim et
al. 2015, Kc and Terwiesch 2012) or medical condition (Song et al. 2019, Price et al. 2011). High
occupancy is also associated with poor quality of care, including premature discharge (Anderson
et al. 2011, Berry Jaeker and Tucker 2017), and higher risk of in-patient mortality (Kuntz et al.
2014, Kc and Terwiesch 2009) and readmission (Anderson et al. 2012).
Healthcare scholars call for research on managers’ responses to boarding crises (Fieldston et al.
2010). This stream of research is important because prevention responses could help reduce the fre-
quency and negative impact of boarding crises. However, persistent use of a prevention response will
likely require evidence that the benefits from investing in improving future performance outweigh
the costs. Our research aims to fill this gap.
2.1. The discharge process
Physician-driven patient discharge is an essential component of both urgent and prevention
responses. The discharge process is complex and time-consuming. It starts with the physician writ-
ing a discharge order stating that the patient is medically ready to be discharged from the hospital.
The physician has discretion over the timing of this decision (Abramson 1981).The discharge order
is written after physicians complete a summary of patient visit which includes information such
as a summary of the care provided during hospitalization, instructions for post-discharge care,
follow-up appointments, tests with pending results, outstanding issues, patient education and a list
of medications. Discharge requires coordinated effort from many different disciplines. A pharmacist
may be needed to reconcile the patient’s outgoing medications with his incoming medications; a
physical therapist may be needed to assess the patient’s ability to walk or swallow; and a case
manager ensures that the patient has a bed in the next facility on his medical journey, such as
a skilled nursing facility or a rehabilitation hospital (McDermott and Venditti 2015). Advanced
notification from the physician that the patient will be discharged within a few days may reduce
discharge delays. This is because advance notification can help mitigate the long lead times to
secure services, such as a bed in a skilled nursing facility (McDermott and Venditti 2015).
2.2. Prior research on improving the discharge process in hospitals
An inefficient inpatient discharge process is one of the drivers of hospital congestion (McDermott
and Venditti 2015). Consequently, hospitals have developed strategies for improving the discharge
process. Board rounds are one such technique designed to reduce discharge delays. They are short
meetings held daily on inpatient wards where nurses, physicians, and case managers gather to
discuss which patients are ready –or will be ready the next day –for discharge, as well as any barriers
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to discharge (Dutton et al. 2003, Perlmutter et al. 1998, Wertheimer et al. 2015). However, board
rounds are limited by the need for physicians to be physically present (Song et al. 2019) and by the
verbal format, which makes the discussed information unavailable to non-participating members
of the care team, such as pharmacists and physical therapists. Another strategy for improving
discharge is streamlining and standardizing the discharge process (McDermott and Venditti 2015).
For example, Beck et al. (2016) finds that ED patients are discharged one hour earlier when there
is a hardcopy of a discharge checklist at the patient’s bedside that enables the care team to see
what has been done and what remains to be completed for discharge. Prior research also focuses
on systematically reducing barriers to discharge. Durvasula et al. (2015) find that performing the
medication reconciliation the night before the patient is expected to be discharged reduces discharge
delays. To our knowledge, these studies have not considered the impact of using an EHR-driven
discharge planning tool–such as the PDOs that we study. Omega uses EPIC, one of the most
common EHR implemented in hospitals, and the PDO is a standard feature in the program, which
makes our study relevant for many hospitals. In addition, prior studies have not considered the
effectiveness of discharge strategies during boarding crises.
2.3. The Urgent Response to Boarding Crises: Code Yellow
We first hypothesize that patients who experience a CY will have a shorter LOS than patients
who do not. We justify our reasoning with practice and theory. In practice, a CY should relieve
occupancy pressure for two reasons. First, physicians have discretion in deciding when a patient is
medically cleared for discharge (Abramson 1981). If physicians know from a CY that patients are
boarding in the ED, they may select a shorter LOS for inpatients who are approaching discharge.
Research supports this supposition. Patients, on average, have shorter LOS as occupancy increases.
This may be from physicians discharging patients earlier than they otherwise would have (Anderson
et al. 2012, Berry Jaeker and Tucker 2017). Second, physicians must spend a substantial amount of
time writing discharge orders and speaking with patients. Consequently, physicians often prioritize
doing work for newly admitted patients –who arguably are sicker and therefore should be treated
first –than for healthier patients approaching the end of their hospital stay. When there is a CY,
management communicates to physicians that they should instead prioritize discharging inpatients
nearing the end of their stay. Finally, theory suggests that urgent responses, such as CY, are
used because they seem effective in the short term, even though they don’t help longer-term
performance (Repenning and Sterman 2001, Morrison 2015, Tucker and Edmondson 2003). Thus,
we hypothesize:
Hypothesis 1. Patients who experience a “code yellow” during their hospital stay will have
shorter LOSs on average than patients who do not experience a code yellow during their stay.
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2.4. The Prevention Response: Pre-Discharge Orders
We next hypothesize that a prevention response will be associated with shorter LOS. We study
the specific coordination mechanism of a PDO, a computerized coordination tool that enables
physicians to communicate asynchronously to the care team that a patient is approaching discharge.
Managers in a variety of settings, such as research and development (Keller 1994), software teams
(Banker et al. 2006, Bardhan et al. 2013, Faraj and Sproull 2000) and audit teams (Gupta et al.
1994), use coordination to manage interdependencies and increase efficiency. Most closely related
to our study, Gittell et al. (2000) examine how relational coordination in surgical units reduces
LOS while simultaneously improving quality of care. Faraj and Xiao ((2006)) study trauma centers
to understand how physicians coordinate in a fast-paced environment. These papers find that
coordination mechanisms that foster communication across the care team result in better outcomes.
Scholars have also examined information technology (IT)-enabled coordination. In the software
industry, for example, Banker et al. (2006) find that the use of software as a coordination tool for
collaboration among team members on a project reduces cycle time. They attribute the effectiveness
of the tool to the timely information exchange between team members. Bardhan et al. (2013) finds
that when IT enables communication, it bridges information gaps among dispersed team members
working on a project, especially for projects with high level of information intensity. Similar benefits
may accrue to healthcare teams who use health IT to coordinate discharge, such as the PDOs in
our study.
In a healthcare setting, different disciplines within the hospital can coordinate care for patients
by using IT to exchange information. Dobrzykowski and Tarafdar (2015) find that EHRs increase
coordination across providers, which in turn improves patient satisfaction with provider-patient
communication. Although they investigate the impact of EHRs on patient satisfaction, we predict
that PDOs can improve coordination between physicians and other clinicians, which in turn will
reduce LOS. We anticipate this result because PDOs were designed specifically to coordinate
patient discharge. We therefore hypothesize:
Hypothesis 2. Inpatient length of stay will be shorter for patients who have a pre-discharge
order versus patients who do not.
2.5. Potential crowding out effect of the urgent response on the prevention response
Our third and final hypothesis is that the urgent response of CY may crowd out physicians’
ability to use PDOs (Repenning and Sterman 2001). Prior studies find that urgent work reduces
completion of important tasks that are beneficial in the longer term. At extremely high workloads,
workers become overwhelmed and non-essential tasks are sacrificed. For example, Powell et al.
(2012) demonstrate that when physicians have a high workload they fail to thoroughly document
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the care they provide to patients, resulting in lower reimbursements from insurers. Similarly, Tan
and Netessine (2014) show that as the number of customers increase, waitstaff reduce sales effort
on profitable, but optional food items. Based on these studies, we hypothesize that physicians may
be less likely to fill out PDOs, which on average are completed two days before patient discharge,
when hospital managers call a CY because the urgency of discharging patients today will crowd
out the work of filling out PDOs to ease discharges in the next few days. Thus, we hypothesize:
Hypothesis 3. Patients who experience a CY two days before their discharge will be less likely
to have a PDO than patients who do not have a CY two days before their discharge.
3. Empirical Setting and Data
3.1. Prevention and Urgent Responses at our Research Site
We gathered data from Omega on the use of prevention and urgent responses to boarding crises.
For the prevention response, Omega’s physicians use the EHR to write PDOs for their patients.
The PDO form has three checkboxes for potential barriers to discharge: pending labs, physical
therapy clearance, and other (Figure 1a). If other is selected, the physician can enter free text to
describe the barrier. The physicians on our research team coded the free text into types of barriers,
including placement in another facility. The EHR also has a screen that enables caregivers to see a
list of their assigned patients. In the list view, patients with PDOs have a green circle next to their
name (Figure 1b), and in the patient’s record, there is a headline banner stating that the patient
is nearing discharge and his care should be prioritized (Figure 1c).
Figure 1a Screenshot of Pre-Discharge Order
When ED boarding increases, Omega Hospital managers enter information related to demand
and supply of inpatient medical/surgical beds into a spreadsheet that determines whether there is a
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Figure 1b Screenshot of List of Patients,PDO Patients have green dot
Figure 1c Screenshot of PDO Patient’s EHR
supply and demand mismatch. Demand includes ED waiting room census, number of admitted ED
patients needing a medical/surgical inpatient bed, anticipated ED arrivals, as well as anticipated
demand for medical/surgical beds from surgery, transfers, direct admits, and other procedures.
Supply includes the number of available medical/surgical inpatient beds and pending discharges.
The urgent response, CY, is triggered by an algorithm that uses these information to determine if
the hospital is in a state of a boarding crisis when the demand for inpatient beds is greater than
the supply of inpatient beds in the hospital. When this occurs, the hospital manager in charge of
patient flow sends an email to alert physician leaders and nursing unit managers that the ED is
in a state of CY and that they should have their staff work on discharging patients. If the critical
crowding level escalates, a follow up message is sent that states that the ED remains at critical
crowding levels despite previous actions, and that all employees and physicians must remain on
duty unless released by their immediate supervisor.
3.2. Data
Our study uses data from the EHR from June 2014 through November 2017. Note that Omega
Hospital initiated the PDO in March 2015 across all departments. We focus our analyses on patients
from medical and surgical inpatient units. We have data on 15,423 patient visits across 9,917 unique
patients. We enforce some restrictions. First, we exclude 3,693 patient visits who were admitted
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as observation patients. These are patients admitted to the inpatient unit under an observation
status. We follow Freeman et al. (2017) to retain avoidable hospitalization patients, who stay 24
hours or less and contribute to the occupancy challenges faced in inpatient units. We exclude 23
patient visits with extremely high LOS, which is defined as the 99th percentile or higher. We
do this to remove non-representative outliers. We eliminate 129 patient visits during which the
patient died during hospitalization. Finally, we exclude 3 patient visits with no discharge date.
These exclusions leave us with a final sample of 11,587 patient-visits across 7,925 unique patients
treated by 190 attending physicians. From our final sample, we have 4,004 patient visits (34.56%)
with a PDO and 7,583 patient visits (65.44%) without a PDO. In addition, we have 4,703 patient
visits (40.59%) with a CY experienced during the hospital stay and 6,884 patient visits (59.41%)
with no CY experienced.
The dataset includes patient-visit level information: the attending physician responsible for each
patient, patient demographics (age, gender), admission and discharge information (admission and
discharge date/time, LOS, department (e.g. surgical, medical), discharge disposition (e.g. to home,
to skilled nursing facility, etc.), insurance type, hospital-assigned acuity level (in increasing order
of acuity: non-urgent, less urgent, immediate, emergent, urgent), admission/primary/secondary
diagnosis). Patient severity is measured using an Elixhauser severity score (Elixhauser et al. 1998).
The Elixhauser method assigns each of 30 different categories of comorbidity diagnoses with a
weight ranging from -7 (lowest) to 12 (highest). Then, for each patient, his individual Elixhauser
score is calculated as the sum of the weights of his diagnoses. For example, a patient diagnosed
with liver disease and blood loss anemia would have weights of 11 and -2 respectively. Therefore,
the Elixhauser severity score for the patient is 9.
To measure the prevention response, we collect: PDO information (order time and responses
to the questions in the form including barriers to discharge for patients who receive a PDO). To
measure the urgent response, we collect hospital-level information: hospital occupancy (number of
inpatients per day), and the occurrence of each CY at Omega Hospital. We have the start and
stop dates and times for each CY. In total, there are 216 CYs out of 1,218 days in our data set.
On average, a CY lasts for 42 hours.
We also calculate hospital occupancy on each patient’s day of admission and discharge. We follow
prior research and treat weekday admissions (discharges) separately from weekend admissions
(discharges) to account for staffing differences during the week versus weekends (Berry Jaeker and
Tucker 2017, Kuntz et al. 2014). If a patient is admitted (discharged) on a weekday, we divide the
number of occupied beds on the patient’s admission (discharge) day by the maximum number of
occupied beds during that quarter excluding weekend days (Berry Jaeker and Tucker 2017, Kuntz
et al. 2014). Using the maximum number of occupied beds rather than the number of licensed beds
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recognizes that the number of staffed and used beds may be less than the number of licensed beds.
The method also ensures that occupancy falls between 0% and 100%. We obtain occupancy levels
that are normally distributed with a minimum of 72.56% and a maximum of 100% (Figure 1A).
To perform our analyses, we merge patient-visit level and hospital-level data into a single dataset
with patient-visit as the level of analysis.
3.3. Summary statistics of patient and operational characteristic
Table 1 presents the summary statistics of the variables in our models. Our outcome variable of
interest is inpatient LOS. Inpatient LOS is the duration of time a patient stays in the hospital
from the time of admission to an inpatient unit until the time of discharge (Oh et al. 2017). It does
not include the time spent in the emergency department. Inpatient LOS is measured in fractions
of days. The mean inpatient LOS is 5.33 days. Table 1 also breaks down the summary statistics
by patients who receive a PDO versus those who do not, as well as patients who experience a CY
during their stay versus those who do not. We test the differences between those populations using
t-tests.
Table 1 Summary Statistics of Main Variable of Interests
Variables
All Patients PDO No-PDO CY No-CY
Mean Min. Max. Std.Dev Mean Mean Diff. Mean Mean Diff.
Discharge Occupancy % 88.79 72.56 100 5.08 88.7 88.84 -0.14 90.49 87.65 2.84***
Admission Occupancy% 88.17 72.56 100 5.15 87.76 88.39 -0.63*** 89.16 87.5 1.66***
Age (years) 55.18 2 116 16.51 56.21 54.63 1.58*** 55.9 54.68 1.22***
Discharge Weekend % 20.06 0 1 0.4 17.01 21.68 -4.67*** 17.33 21.93 -4.6***
Admission Weekend % 24.14 0 1 0.43 25.17 23.59 1.58+ 22 25.6 -3.6***
Uninsured % 0.79 0 1 0.09 0.75 0.8 -0.05 0.81 0.77 0.04
Severity Score 7.42 -14 52 9.37 8.02 7.1 0.92*** 8.5 6.68 1.82***
Female % 42 0 1 0.49 42.31 41.84 0.47 42.8 41.46 1.34
Post-acute-care % 42.25 0 1 0.49 42.91 41.91 1 47.8 38.47 9.33***
Attending physician
workload (No. of patients)
7.41 0 24 3.69 7.55 7.34 0.21** 7.68 7.23 0.45***
Surgical % 11.69 0 1 0.32 11.74 11.67 0.07 12.93 10.85 2.08***
Pre-discharge Order % 34.56 0 1 0.48 31.38 36.72 5.34***
Code Yellow % 40.59 0 1 0.49 36.86 42.56 -5.7***
LOS (days) 5.33 0.005 79.07 6.09 6.29 4.82 1.47*** 7.22 4.03 3.19***
30-Readmission % 9.35 0 1 0.29 9.24 9.4 -0.16 9.46 9.27 0.19
Mortality% 1 0 1 0.1 0.27 1.38 -1.11*** 1.28 0.81 0.47*
Observations 11,587 4,004 7,583 4,703 6,884
Notes. ∗p < 0.05;∗ ∗p < 0.01;∗ ∗∗p < 0.001. Diff. is the difference between both means.
4. Econometrics Approach
Inpatient LOS is a continuous outcome measure with a right-skewed distribution. Therefore, to
achieve a normal distribution, we log-transform LOS. To investigate Hypothesis 1, we argue that
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there is no selection bias regarding the patients who experience CY. This is because CY is not
called based on patients’ observable or unobservable characteristics, rather it is based on exogenous
factors related to bed availability in the hospital. As a result the experience of CY for patients is
random which makes selection unlikely. We therefore estimate H1 using OLS model:
ln(INPATIENT LOS)ijt = α0 +α1CYit + δX +ϑt + θj + εijt (1)
where ln(INPATIENT LOS)ijt is patient i ’s LOS treated by attending-physician j during visit
t. CYit = 1 if a CY occurs during patient i ’s visit t. We account for visit because some patients
have multiple hospital visits during the time frame of our data. X is vector of patient-level and
hospital-level control variables. At the patient-level, we control for patient i ’s demographic variables
of gender (female=1, male=0), age, age-squared, and if the patient was uninsured during visit t.
We also control for the patient’s Elixhauser severity score, whether the patient received care in a
surgical (=1) versus non-surgical unit (=0), and for acuity level (non-urgent, less urgent, emergent,
immediate, and urgent). We control for whether the patient is discharged to a post-acute care
facility (=1) or not (=0). We account for the workload of the attending-physician by using the
total number of patients under the attending physician’s care during a patient’s visit.
At the hospital level, we control for occupancy in the hospital on admission and discharge day.
We include both a linear and squared term to account for the inverted U-shaped relationship
between occupancy level and LOS (Berry Jaeker and Tucker 2017). Furthermore, controlling for
occupancy allows us to account for the impact of bed availability on whether a CY is called. We
have a dummy variable that equals one if the patient is admitted on a weekend, and another one for
the patient being discharged on a weekend. We include these two variables to account for staffing
differences during weekends (Bell and Redelmeier 2001). In addition, we account for the occurrence
of consecutive days of CYs during a patient stay. We have a binary variable that returns 1 if a
patient experiences two consecutive code yellow days and 0 otherwise. We use two days because on
average code yellow occurs for a duration of 42 hours. This variable helps capture the magnitude
of CY duration.
Finally, we control for time trends and seasonality using month and quarter-year fixed effect
(FE) represented by ϑt, and physician FE represented by θj. Physician FE accounts for unobserved
time-invariant heterogeneity between physicians. We clustered our robust standard error term, εijt,
by the attending physician responsible for treating the patient. Clustering by attending physician
accounts for within cluster correlation in the error term for patients treated by the same attending
physician since observations within each group are not independently and identically distributed
(i.i.d) (Angrist and Pischke 2008).
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4.1. Instrumental Variable (IV) approach
A naive approach to test Hypothesis 2 would be to use OLS to estimate PDO, as shown in Equation
2, with β1 representing the effect of a PDO on inpatient LOS. Specifically, we estimate the following
model:
ln(INPATIENT LOS)ijt = β0 +β1PDOit + δX +ϑt + θj + εijt (2)
where PDOit is a binary variable that is 1 when patient i has a PDO during visit t and 0 otherwise.
However, we do not use this to test the impact of PDO on LOS because it ignores physicians’
decisions to use PDOs for some of their patients and not others. Unlike CY, the PDO selection
process creates an endogeneity concern due to the possibility of an unobserved variable that influ-
ences their decision to complete the PDO for some patients. For example, if a physician anticipates
that her patient will have a difficult discharge due to a complex medical condition, she may use
a PDO, but the complex medical condition may drive a longer LOS. This will bias our results
to finding that patient’s who receive a PDO have longer LOS. Failing to account for the selec-
tion bias will result in an inconsistent estimate (Ho et al. 2017, Wooldridge 2010), leading to an
underestimation of the actual effect of PDOs. We check whether the use of a PDO is endogenous
using the Durbin and Wu-Hausman tests. Our results show that both test statistics are statistically
significant (p-value<0.001). Thus, we reject the null hypothesis that PDO is exogenous.
We therefore use an instrumental variable (IV) approach. To construct our IV, we draw on
Bavafa and colleagues’ study (2018), which uses physician intensity of electronic visit adoption
as an instrument for a patient initiating an electronic visit. They argue that if a physician has
a high use of electronic visits overall, it may influence a patient’s decision to use the technology
to communicate with her physician. For our study’s IV, we similarly use attending physician’s
cumulative PDO use. We first calculate the percentage of patients for whom the physician used a
PDO. We then rank each attending physician by PDO use. Our IV, att pdo use, is a binary variable
equal to 1 if the attending physician is ranked in the 85th percentile or above (which indicates a
high usage of PDO) and 0 otherwise.
Our IV meets the two conditions, relevance and rigor, required of an IV (Wooldridge 2010). To
test the relevance condition, we perform a probit regression with PDO as the dependent variable,
our IV as the independent variable, and with all control variables included. Our results in Table 2
support the relevance condition. Patients whose attending-physicians are above the 85th percentile
of PDO use are more likely to receive a PDO (p-value<0.001). Next, we test the weakness of the
IV using the Kleibergen-Paap Wald rk F test. IVs are considered weak if the F-statistic is less
than 10 (Kleibergen and Paap 2006). We find that the IV is not weak (F=1261.394). All of these
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analyses demonstrate that our IV meets the relevance criteria (Wooldridge 2010). For the exclusion
restriction condition, we rely on explanation to rule out any violations. Attending physician PDO
use should not be associated directly with a patient’s LOS since it addresses a characteristic of the
attending physician rather than the patients condition. In addition, we perform a regression of the
IV on ln(INPATIENT LOS)ijt and find no association between the IV and LOS (p-value>0.4).
Given these results, we conclude that our IV meets the exclusion criteria condition.
To test H2, we use 2SLS with a nonlinear model correction method rather than a standard 2SLS
as discussed in Angrist and Krueger (2001). Because we have a binary endogenous variable, we run
the potential risk of specification error if we estimate the first-stage using a non-linear model and
plug the predicted values obtained from first-stage into the linear model used in the second stage.
Following the correction method allows us to obtain both unbiased and efficient estimates that are
more centered around the true coefficient (Wooldridge 2010, Angrist and Krueger 2001).
We first perform the correction by using a probit model (Table 2 (Model 1)) to obtain the
predicted values from estimating the instrument and a set of exogenous variables on the binary
endogenous variable. We derive a probit model given as Pijt = Φ(ψatt pdo useij + δX + ϑt + θj)
where att pdo useij is the instrument (i.e PDO use by patient i ’s attending physician j ). The
definitions of X, ϑt and θj are the same as in equation 1. Next, the predicted value, P̂ijt, obtained
from the probit correction step becomes the instrument used in the first stage of the standard 2SLS
model:
PDOijt = θ+ P̂ijt + δX +ϑt + θj +φijt (3)
where φijt is the robust standard error term clustered by attending physician responsible for treating
the patient. We report the results from the first stage in Table 2 (Model 2). As the table shows,
the IV is significant at predicting PDO use (p-value<0.001).
In the second stage of our 2SLS (shown in equation 4), we test H2 by using the predicted estimate
of PDOijt to correct for the selection bias. This enables us to obtain an unbiased and efficient
estimate of the impact of PDO use on LOS.
ln(INPATIENT LOS)ijt = α0 +α1P̂DOijt + δX +ϑt + θj + εijt (4)
The description of X, ϑt, θj, εijt remain the same as in equation 1.
Finally, we test H3 using the logit model in Equation 5. For this model, we are interested in
understanding the effect of a CY “crowding out” the likelihood of physicians using a PDO. Here,
our dependent variable is PDOijt. Recall that the PDO is completed on average two days before
a patient is discharged, therefore we are interested in a CY on the day the PDO is supposed to be
completed.
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Table 2 Attending physician PDO use on Pre-Discharge Order (Probit


















Notes. ∗p < 0.05;∗ ∗p < 0.01;∗ ∗∗p < 0.001.Standard errors are clus-
tered by attending-physician. Standard errors in parenthesis. Controls
include patient demographic/condition, discharge disposition, acuity
level, occupancy level (linear and squared term), attending physi-





= β0 +β1CY Twoit + δX +ϑt + θj + εijt (5)
5. Results
Table 3 shows the results for H1, H2, and H3. Model 1 reports the impact of CY on LOS. We
find that CY is associated with an increase in LOS by 31% and thus H1 is not supported. Given
the mean inpatient LOS for all patients is 5.33 days, the use of the urgent response is associated
with 1.7 days longer inpatient stay. One possible explanation is that CY was initially designed to
occur for a duration of 30 minutes, however, we find from our data that the average duration of
CY is 42 hours. The lengthy period of CY may be as a result of an overworked system wherein
the hospital experiences high occupancy for a long period of time, which triggers the initiation of
a CY. The overwork consequently leads to physician fatigue (Kuntz et al. 2014, Kc and Terwiesch
2009) such that when a CY is eventually called, physicians are already too exhausted which may
make it difficult for them to quickly discharge patients.
Models 2 - 4 report results from testing H2. Model 2 shows the OLS estimation of the impact of
PDO on LOS. As expected, without accounting for endogeneity, we find that the use of a PDO is
associated with an increase in inpatient LOS (p-value<0.001). In model 3, we show the correction
of the bias with our IV. We find that a PDO is associated with a 39.6% decrease in inpatient LOS
for patients (p<0.05), providing support for H2. Given the same average inpatient LOS as above,
the use of the prevention response is associated with approximately 2.1 days shorter inpatient LOS.
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Quarter-Year FE Yes Yes Yes Yes
Physician FE Yes Yes Yes Yes
Observations 10,492 10,492 8,201 8,606
Notes. ∗p < 0.05;∗ ∗p < 0.01;∗ ∗∗p < 0.001,+ p < 0.10. Standard errors are clustered by
attending-physician. Robust standard errors in parenthesis.
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Finally, model 4 reports the results for H3, which is that CY will interfere with a physician’s
ability to complete a PDO. Because we use a logit model, we report the marginal effects to ease
interpretation. We find that when there is a CY, the likelihood of physicians using a PDO decreases
by approximately 4.9% (p¡0.05).
5.1. Comparing Code Yellow and Pre-Discharge Orders on Additional Discharges
We perform additional analyses to provide deeper insights about our results. We compare the
effects of the prevention and urgent responses on the additional number of discharges per day to
determine their relative impact on freeing inpatient beds.
5.1.1. Number of additional discharges from prevention and urgent response
We compare whether calling a CY or increasing the number of PDOs results in a larger number
of additional discharges beyond what is expected on an average day. Specifically, we estimate the
following model:
additional dischargest = α0 +α1CY t +α2PDO countt + +δY t +ϑt + εt (6)
where additional dischargest is the total number of discharges in a day, t, minus the average
number of discharges on a non-CY day. In other words, the variable represents the number of
additional patients discharged as a result of CY. If the total number of discharges is less than
the average number of discharges on a non-CY day, we assume there were no additional patients
discharged due to CY and assign a zero to the negative values. We rerun the analysis including the
negative values using OLS and find the results remain robust. PDO countt is the total number of
patients who received a PDO on day t, Y t is a vector of hospital level-control variables for day t
that includes occupancy level, Occupancy levelt,Occupancy levelt
2, average severity scoret. We
calculate average severity scoret by taking the average severity score of all patients in day t, ϑt
is the month-year fixed effect and εt is the robust standard error.
We employ a negative binomial regression for equation 6 because additional dischargest is count
data and is over-dispersed relative to Poisson (Cameron and Trivedi 1998). The likelihood-ratio
test, X2 = 824.21, is not equal to 0, which confirms that the distribution is not Poisson and that
negative binomial is an appropriate distribution (Gutierrez et al. 2001).
We report our results in Table 4. We perform an F-test to examine the equality of the two
coefficients, CY t and PDO countt, and find that we cannot reject the hypothesis that they are
equal (p-value=0.93). We use IRR ratios to interpret the coefficients and find that when the hospital
calls a CY, it leads to 1.27 times more additional discharges compared to when there is no CY. On
the other hand, a unit increase in PDOs will lead to 1.28 times more additional discharges. Recall
that PDOs can be scaled up by the number of patients within two days of discharge, whereas once
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a CY is called, it typically lasts on average for 42 hours. Therefore, these results show that the
prevention response of PDOs has greater potential for more additional discharges –and thus free
beds –compared to the urgent response of CY.

















Notes: ∗p < 0.05;∗ ∗p < 0.01;∗ ∗∗p < 0.001;+ p <
0.10. Robust standard errors in parenthe-
sis. Incidence-rate ratios (IRR) in brackets.
Controls include occupancy level (linear and
squared term), average severity score, depart-
ment, month-year fixed effect.
5.1.2. Number of PDOs
We also want to understand the magnitude of the effect of CYs crowding out a physician’s ability
to complete PDOs. We estimate the following model using OLS:
ln(PDO countt) = α0 +α1CY t + δY t +ϑt + εt (7)
We log-transform PDO count to obtain a normal distribution. The descriptions of the remaining
variables are the same as equation 6. As shown in Table 5, when the hospital calls a CY, there
is an 18% decrease in the number of PDOs that physicians complete (p-value<0.05). Given that,
on average, there are 4.58 PDOs written on a non-CY day, an 18% decrease implies that when a
CY is called, the number of PDOs written reduces by 0.8 (4.58 × 0.18 = 0.82), or nearly 1. This
supports hypothesis 3, that the urgent response prevents physicians from investing in efforts that
improve patient flow in the longer term.
6. Robustness Checks
We conduct several robustness checks to ensure that our results are not driven by our empirical
specification, or how we defined our variables. The results are presented in the online appendix.
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Notes: ∗p < 0.05;∗ ∗p < 0.01;∗ ∗∗p <
0.001,∗ +p < 0.10. Robust standard
errors in parenthesis. Controls include
occupancy level (linear and squared
term), average severity score, depart-
ment, month-year fixed effect.
We conduct several tests of the robustness of CY’s impact. First, we test H1 using survival
analysis. Survival analysis enables us to determine the time to failure, which in our case is inpatient
discharge. The benefit of using survival analysis is that it takes into account the variation in time
until the occurrence of the event for each observation (Jenkins 2004). The hazard function is the
probability that patient i will experience a discharge given his LOS during patient-visit t and his
risk of experiencing a CY. We find our results are consistent with the OLS. The rate of discharge
decreases by 26.2% (100%-73.8%) (p-value<0.001) for patients who experience CY during their
stay which implies a longer LOS (Table A1). Second, we repeat the analysis for H1 using only
data before March 2015 to examine whether CY has an effect on LOS in the absence of PDO
implementation (Table A2). CY continues to be associated with a longer LOS (β = 0.345, (p-
value<0.001)). Next, we investigate whether CY has an adverse effect on 30-day readmission and
in-hospital mortality (Table A3). For the analyses on in-hospital mortality, we include patients
who died during their hospital stay. We conduct these tests because prior literature finds that
workload pressure is associated with increased readmissions (Kc and Terwiesch 2012) and patient
deaths (Kuntz et al. 2014, Kc and Terwiesch 2009). We find no effect on readmission. However,
in model 4, we find an association in the increase of the likelihood of mortality (β = 0.467, p-
value=0.012 ) when we do not include our controls.
We also conduct a set of robustness checks related to PDOs. Table A4 shows the results from
repeating our analysis using only the period after PDO implementation. The results remain the
same for H2 (β = 0.396, p-value=0.025 ). Model 3 shows the results for H3. Although the coefficient
for the urgent response two days before discharge remains negative, it is no longer significant. Thus,
H3 is no longer supported.
For completeness, we test whether getting a PDO (the prevention response) increases patients’
likelihood of 30-day readmission and in-hospital mortality (Table A5). Using a biprobit model, our
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results show that the prevention response is not associated with 30-day readmission. Reassuringly,
we find a decrease in the likelihood of hospital mortality (β = −0.822, p-value<0.001 ). Thus, we
do not find a negative impact of PDO usage on those two measures of quality of care.
Table A6 reports the heterogenous effects of PDO on different types of patients. We focus on
three different patient types: surgical patients (model 1), patients whose discharge disposition is
to a post acute care facility (model 2), and severely sick patients (model 3). We define severely
sick patients by splitting severity score at the median and assigning patients with a severity score
greater than median (seven) as severely sick.
As model 1 shows, the interaction between PDO and Surgical patients is not significant, sug-
gesting that PDOs are not more or less effective for surgical patients. PDOs are also not more or
less effective for severely sick patients (model 3). However, the interaction between post acute care
and PDO is significant and positive (β = 0.246, p-value=0.036 ). We find that patients discharged
to a post-acute care facility with a PDO have a decrease in LOS of 3.8% (-0.495+0.211+0.246 =
-0.038) compared to those who are discharged to post-acute care facilities and do not have PDOs.
In contrast, the interaction between CY and surgical patients (β =−0.123, p-value=0.034 ) as well
as CY and post-acute-care patients (β = 0.151, p-value<0.001 ) is associated with an increase in
LOS of 25.3.8% (0.325+0.055-0.127=0.253) and 62.8% (0.260+0.245+0.123=0.628) respectively
(Table A7). We do not find any heterogenous effect of CY on severely sick (model 3) patients.
Next, we test the robustness of our IV approach using a different IV, physician tenure with
Omega. The rationale is that physicians with longer tenure at Omega have a better appreciation
over time for the use and importance of completing PDOs. Conversely, newer physicians may not
possess this same depth of insight. While there is an EPIC orientation for all physicians as they
join Omega hospital, including information about the use of PDOs, there is lack of trainers to
assist newly hired physicians. In addition, the lack of feedback about the benefit of PDOs may
further deter newer physicians from using it. Therefore, we argue that newer physicians who joined
Omega after PDO implementation are less likely to complete a PDO than physicians who have
been with Omega prior to PDO implementation. In model 1, we find the IV is positively associated
with PDO use (Table A8). We re-run our analyses for H2 in model 3 using this new IV and find
that our result remains robust (β = 0.396, p-value=0.025 ).
We also examine the impact of both urgent and prevention response on the time of day that
patients are discharged from the hospital (Table A9). We run our analysis with the significant
control variables and find that CY (urgent response) increases the time of day that patients are
discharged (β = 0.246, p-value=0.003 ) while having a PDO (prevention response) decreases the
time of discharge (β =−0.953, p-value=0.003 ). These results are consistent with our findings that
CY is associated with a longer LOS while PDO is associated with a shorter LOS.
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Finally, we repeat our main analyses and robustness checks after excluding patients who stay 24
hours or less and find our results remain robust (for brevity, results not shown).
6.1. Counterfactual Analysis: Comparing the Impact of CY versus PDO
To quantify whether the use of PDOs could reduce the need to call CYs, we conduct a counterfactual
analysis by calculating how many boarding crisis events could have been avoided if all patients
receive a PDO two days before their expected discharge. In this analysis, we focus on a hospital
day-level, rather than a patient-level, analysis. We use all patients in our dataset to determine the
total number of patients discharged from the hospital per day, the total number of patients who
receive a PDO per day, and the total number who do not receive a PDO per day. Recall from our
result in Table 3 that patients who receive PDO are discharged approximately 2.1 days earlier. We
perform our analysis using a counterfactual discharge date two days earlier than the patient was
actually discharged.
We assume that if non-PDO patients had received a PDO, their discharge day would be 2 days
earlier. Thus, the new total number of patients discharged on a particular day becomes the sum
of PDO patients discharged on that day, plus the non-PDO patients discharged two days later
because we assume –had they had a PDO –they would have been discharged on that day. For
example, on February 18, 2015, there were 13 patients discharged in total–7 PDO and 6 non-PDO
patients –and on February 20, 2015, 4 PDO and 7 non-PDO were discharged. Using the approach
described above, the counterfactual total number of patients discharged on February 18, 2015 will
be 14 patients (7 PDO patients from February 18 plus 7 non-PDO patients from February 20).
The 6 non-PDO patients from February 18 will be added to the discharged count for February 16
in addition to the PDO patients on that day. Taken together, the new total number of patients
discharged captures the expected number of patients discharged if all patients had received a PDO,
Expected Dx Countt.
Expected Dx Countt is a proxy for the total number of beds freed in the hospital. Due to the
high priority given to surgical patients, we subtract from the number of open beds the number of
patients admitted from surgery and other procedures. Please note that Omega’s CY algorithm also
subtracts the total number of those patients from the number of open beds. The remaining beds
can be occupied by the patients waiting in the emergency department, Free bedst.
To determine the number of patients boarding in the ED, ED Admitst,we sum up patients per
day with ED length of stay greater than 0 and who were transferred to an inpatient bed with
inpatient LOS greater than 0 days. We do this to avoid including ED patients who do not get
transferred to an inpatient bed. We subtract ED Admitst from the Free bedst to calculate the
number of patients waiting in the ED after all free beds are occupied. A positive value indicates the
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hospital still has free beds after all the ED admit patients occupy the available beds. A negative
value means there are still patients waiting in the ED after all free beds are occupied. Following the
CY algorithm, we focus only on the scenario in which patients are still in the ED when there are
beds unavailable which is indicative of ED congestion due to unavailable inpatient beds. We refer to
these patients as Remaining Patients EDt. Next, we check whether Remaining Patients EDt is
greater than or equal to the average number of remaining patients who wait in ED for an inpatient
bed on a CY day. We find this number to be approximately 4. In order words, when the hospital
has 4 or more patients who still wait in the ED after all beds are occupied, then the hospital
typically calls a CY. Finally, we compare if Remaining Patients EDt is greater than or equal to
4, then our counterfactual analysis assumes the hospital will call a CY. If less than 4, then there
will be no CY. We find that CY days in our time frame reduces by 44.9%, from 216 days to 119
days thus reducing the boarding crises.
7. Discussions and Conclusion
Using data from a large academic hospital, we investigate the impact on inpatient LOS of two
managerial responses to boarding crises. We find an increase of ∼ 1.7 days in LOS from the
government-mandated, urgent response of calling a CY to prompt physicians to discharge patients.
In addition, we find that this government mandated response increases the likelihood of mortality
and the time patients are discharged from the hospital. However, the prevention response of physi-
cians writing PDOs for their patients is associated with LOS that is ∼ 2 days shorter, on average,
with benefits for patients discharged to post-acute care facilities. PDOs also reduce the likelihood
of mortality and time of discharge, providing more incentive for their use. Furthermore, physicians
are 4.9% less likely to use PDOs to coordinate patient discharge when a CY is called.
7.1. Implications for theory
Our study has implications for health care operations management theory. First, we contribute to
the body of research that uncovers specific avenues through which IT improves hospital perfor-
mance. Dobrzykowski and Tarafdar (2015) show that IT can facilitate physician-to-physician coor-
dination. We extend their findings by demonstrating that IT also successfully conveys discharge-
related information, which enables cross-disciplinary coordination that shortens LOS. Second, Song
et al. (2019) find that discharge coordination processes that rely on synchronous information
transfer –such as multi-disciplinary, in-person discussions about discharge –are less effective for
off-service patients. They speculate that IT-enabled solutions might be helpful for planning the
discharge of off-service patients. Our study points to PDOs as a potential solution because they
enable physicians to communicate discharge plans about off-service patients in an asynchronous
fashion. Third, prior research investigates the impact of high hospital occupancy on inpatient LOS,
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but does not have detailed information about what physicians do differently during periods of high
occupancy that results in longer or shorter LOS (Berry Jaeker and Tucker 2017, Kc and Terwiesch
2012, Kuntz et al. 2014). To the best of our knowledge, no study has data on both boarding crises
behavior (e.g. Code Yellow) and hospital occupancy data. Our study finds that when the hospital
goes into a state of urgent alert, physicians are less likely to engage in discharge-planning actions
that help reduce LOS in a few days. The dynamic of crisis-mode behaviors driving out effective
coordination behaviors echo Repenning and Stermans theory of capability traps (Repenning and
Sterman 2001) and might partially explain findings that LOS increases when hospital occupancy
is extremely high (Berry Jaeker and Tucker 2017, Kc and Terwiesch 2009).
7.2. Implications for policy and practice
Our research also has several implications for policy and practice. In 2002, the Massachusetts
Department of Public Health required hospitals to develop processes to deploy hospital staff with
the goal of moving all admitted patients out of the ED within 30 minutes. The process must be
activated when the ED is unable to accept new patients and there are admitted patients waiting
in the ED for an inpatient bed (DPH 2002, DPH 2015, Michael et al. 2018). However, we do
not find positive results from this policy as enacted by Omega Hospital. Our study suggests that
the urgent response triggered by this policy instead increases LOS. However, Shi and colleagues’
(2018) research to identify how many and which specific patients should be discharged during a
boarding crisis may be a more productive approach than Omega’s general call for any physician to
discharge any patient whom they believe is ready for discharge. Policy-makers should be aware of
these dynamics and should instead incentivize solutions proven to improve patient flow.
7.3. Limitations
Our study has several limitations that should be kept in mind. First, we use an IV approach to
correct for endogeneity in the selection of which patients receive a PDO. Given our promising
results, future research might be able to convince a hospital to conduct a field experiment to
implement random selection of which patients receive a PDO. Such a study would provide stronger
causal evidence of the beneficial impact of PDOs on LOS than our study does. A second limitation
is that we study only one hospital, which limits the generalizability of our findings. It also makes
our sample size smaller than studies of multiple hospitals. However, discharge delays occur in most
hospitals, and most hospitals have implemented an IT system similar to the one that we studied.
Therefore, the issue is relevant to many hospitals. Additionally, using a single hospital can lead
to rich insights because the data is typically more detailed (Bavafa et al. 2018, Best et al. 2015,
Song et al. 2019). Nonetheless, future research could examine the questions across a broader set of
hospitals. A third limitation is that because we study a single hospital, it is difficult to disentangle
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whether CY failed to have a positive impact due to it being a flawed policy idea, or due to a flawed
implementation. Future studies may be able to investigate how implementation of the policy differs
across multiple Massachusetts hospitals, and which implementations are most successful. Finally,
our data does not reveal the exact time when physicians decide that a patient is medically ready to
be discharged. This limits our ability to measure a more precise outcome variable that calculates
the time of a physicians discharge decision to time of actual discharge. Future research with access
to this level of data can investigate the effectiveness of PDO in reducing this wasted time.
7.4. Conclusions
Hospitals frequently face boarding crises when admitted ED patients have long waits for inpatient
beds. In an effort to reduce waiting time, in 2002, Massachusetts imposed a policy that required
hospital managers to use an urgent response. Our study findings suggest that this policy backfires
because the urgent response –Code Yellow in our study hospital –was ineffective at shortening
LOS, but in fact increases it while also crowding out the effective response of using IT to coordi-
nate patient discharge. Our study underscores the importance of developing policies that instead
encourage managers to persevere through the “worse-before-better” dynamic that occurs when
improving performance over the longer term.
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Appendix
Figure A1 Histogram for Occupancy Level
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Table A1 Impact of Urgent Response on LOS










Notes: ∗p < 0.05;∗ ∗p < 0.01;∗ ∗∗p <
0.001. Standard errors are clustered by
attending-physician. Standard errors in
parenthesis. Controls include patient demo-
graphic/condition, discharge and admission
weekend/weekday, consecutive CY days,
discharge disposition, acuity level, occu-
pancy level (linear and squared term),
attending physician workload, department.
Table A2 Impact of Urgent Response












Notes: ∗p < 0.05;∗ ∗p < 0.01;∗ ∗∗p <
0.001. Standard errors are clus-
tered by attending-physician.
Standard errors in parenthesis.
Controls include patient demo-
graphic/condition, discharge
disposition, discharge and admis-
sion weekend/weekday, consecutive
CY days, acuity level, occupancy
level (linear and squared term),
attending physician workload,
department, month and quarter-
year FE and attending physician
FE.
e-companion to Adepoju, Tucker, Jin, Manasseh.: Hospital Boarding Crises ec3























Controls Yes No Yes No
Pseudo R-Squared 0.0455 0.0000 0.2541 0.0048
Observations 10,256 11,587 3,172 11,704
Notes: ∗p < 0.05;∗ ∗p < 0.01;∗ ∗∗p < 0.001. Standard errors are clustered
by attending-physician. Standard errors in parenthesis. Controls include
patient demographic/condition, discharge disposition, discharge and admis-
sion weekend/weekday, consecutive CY days, acuity level, occupancy level
(linear and squared term), attending physician workload, department,
month quarter-year FE and attending physician FE. Analysis for Hospital
Mortality includes patients who died during their stay.
Table A4 Impact of Prevention Response on LOS and Urgent response on PDO
















Urgent Response (CY Two days)
-0.030
(0.090)
Controls Yes Yes Yes
R-Squared 0.1678 0.0355
Pseudo R-Squared 0.089
Observations 8,278 8,201 8,201
Notes: ∗p < 0.05;∗ ∗p < 0.01;∗ ∗∗p < 0.001. Standard errors are clustered
by attending-physician. Standard errors in parenthesis. Controls include
patient demographic/condition, discharge disposition, discharge and admis-
sion weekend/weekday, acuity level, occupancy level (linear and squared
term), attending physician workload, department, month and quarter-year
FE and attending physician FE.
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Controls Yes Yes No Yes Yes No
Observations 10492 10492 11,587 10,597 10,597 11,704
Notes: ∗p < 0.05;∗ ∗p < 0.01;∗ ∗∗p < 0.001. Standard errors are clustered by attending-physician. Stan-
dard errors in parenthesis. Controls include patient demographic/condition, discharge disposition,
discharge and admission weekend/weekday, acuity level, occupancy level (linear and squared term),
attending physician workload, department, month and quarter-year FE and attending physician FE.
Analysis for Hospital Mortality includes patients who died during their stay.

































Control Yes Yes Yes
R-Squared 0.0342 0.0370 0.0001
Observations 8,201 8,201 8,201
Notes: ∗p < 0.05;∗ ∗p < 0.01;∗ ∗∗p < 0.001. Standard errors are clustered by
attending-physician. Standard errors in parenthesis. Controls include patient demo-
graphic/condition, discharge disposition, discharge and admission weekend/weekday,
acuity level, occupancy level (linear and squared term), attending physician workload,
department, month and quarter-year FE and attending physician FE
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Control Yes Yes Yes
R-Squared 0.2035 0.2041 0.1902
Observations 10,492 10,492 10,492
Notes: ∗p < 0.05;∗ ∗p < 0.01;∗ ∗∗p < 0.001. Standard
errors are clustered by attending-physician. Standard
errors in parenthesis. Controls include patient demo-
graphic/condition, discharge disposition, discharge and
admission weekend/weekday, consecutive CY days, acu-
ity level, occupancy level (linear and squared term),
attending physician workload, department, month and
quarter-year FE and attending physician FE.











Physicians at Omega pre-PDO implementation









Controls Yes Yes Yes
R-squared 0.1358 0.0355
Pseudo R-squared 0.1053
Observations 8,201 8,201 8,201
Notes: ∗p < 0.05;∗ ∗p < 0.01;∗ ∗∗p < 0.001.Standard errors are clustered by attending-physician. Standard
errors in parenthesis. Controls include patient demographic/condition, discharge disposition, discharge and
admission weekend/weekday, acuity level, occupancy level (linear and squared term), attending physician
workload, department, month and quarter-year FE and attending physician FE.
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Notes: ∗p < 0.05;∗ ∗p < 0.01;∗ ∗∗p < 0.001.Standard errors are clus-
tered by attending-physician. Standard errors in parenthesis. Con-
trols include patient demographic/condition, discharge disposition,
discharge and admission weekend/weekday, consecutive CY days,











































































Age 0.0276 0.0179 1
Discharge
Weekend
-0.183 0.0774 -0.0371 1
Admission
Weekend
-0.0313 -0.2042 -0.034 -0.08 1
Uninsured -0.004 0.0015 -0.0385 0.0069 -0.0045 1
Severity
Score
0.0288 0.0122 0.3792 -0.0382 -0.0124 -0.021 1
Female 0.0098 -0.0018 0.0562 -0.0008 -0.0032 -0.0224 -0.0397 1




0.0586 0.0358 -0.0191 -0.0023 0.0179 0.0027 -0.0191 -0.0279 -0.0491
Surgical 0.0125 -0.0004 0.0444 -0.0105 0.0173 -0.0173 -0.0076 0.007 0.0468
CY 0.2753 0.16 0.0359 -0.0559 -0.0409 0.0026 0.0947 0.0139 0.0912
PDO -0.0144 -0.0585 0.043 -0.054 0.018 -0.0028 0.0437 0.0054 0.0092





















































Table A10 Correlation table contd.
Attending physician
workload (No. of patients)
Surgical CY PDO LOS
Attending physician w
workload (No. of patients)
1
Surgical -0.1006 1
CY 0.0579 0.0314 1
PDO 0.0248 0.0001 -0.0599 1
LOS -0.0253 0.0036 0.2542 0.1108 1
